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Abstract
This paper presents a multimodal person identification system
based on combination of audio and visual classifiers. The
audio classifier was built by using mel-frequency cepstrum
coefficient features and Gaussian mixture models. The visual
classifier was implemented by Haar-like features and AdaBoost
algorithm for face detection, and principal component analysis
for identification. A new method is proposed to estimate
the optimal weighting parameter based on probability density
function estimation under Gaussian assumptions. Simulations
indicate that the proposed method obtains slightly better results
than the frequently-used empirical method of optimising on
held-out training data.
Index Terms: Face recognition, speaker recognition, person
identification, weighted sum rule

1. Introduction
Several theoretical and practical studies have confirmed the po-
tential of multiple biometrics for person identification [1, 2, 3].
A particular instance is audio-visual person identification. Face
and voice are very easy to obtain, and combination of these
two sources of information makes the recognition system more
robust to noise and complex environments.

This paper presents our research work on this promising
area. First, we have built individual speaker identification
and face identification systems. The text-independent speaker
identification system is based on mel-frequency cepstral co-
efficients [4] and Gaussian mixture models [5]. The face
identification system consists of modules both for face detection
and identification. The face detection module is implemented
using Haar-like features and the AdaBoost algorithm [6]; the
face identification module is based on principal component
analysis [7].

After obtaining identification results for the separate
speaker and face identification systems, a late fusion algorithm
(proposed in our previous work [8, 9]) was used to combine
the scores of both classifiers to give a final identification result.
Simulations indicate that a high identification rate of 97.95% is
achieved by using the above algorithms.

2. XM2VTS Database
In this paper, we use the XM2VTS database [10] to test
algorithms on audio-visual person identification. This database,
intended for research into multimodal person recognition,is
obtainable from the Centre for Vision, Speech and Signal
Processing at the University of Surrey, UK. It contains high-
quality colour images, 32 kHz 16-bit sound and video files for
295 subjects. These files are recorded in 4 sessions, over a

period of 4 months. Each session consists of 6 sentences uttered
by each subject. The third sentence (“Joe took father’s green
shoe bench out”) in each session was used for this research
work. Thus, we obtain 4 video files for each subject, which
were recorded in 4 sessions. However, several subjects have
only 3 video files because of errors in the recording procedure
or unavailability of these subjects.

3. Speaker Identification
After silence is removed from the speech signal (see [8] for
details), we use mel-frequency cepstral coefficients [4] as
features. The magnitude spectrum from a 20 ms short-time
segment of speech is pre-emphasised and processed by a mel-
scale filter bank, then the log-energy filter outputs are cosine
transformed to produce the cepstral coefficients. We use the
first 20 coefficients excluding the zeroth coefficient, plus the
first 20 delta coefficients as the feature set. This process occurs
every 10 ms, producing 100 features per second.

Speaker modelling is based on the Gaussian mixture
model (GMM) [5]. A Gaussian mixture density is a weighted
sum ofM component densities:

p(Ex|λ) =
M
∑

i=1

pi bi (Ex) (1)

whereEx is a D-dimensional random vector,bi (Ex) is the com-
ponent density of thei th mixture andpi is the weight of the
i th mixture. Each component density is aD-variate Gaussian
function of the form:

bi (Ex) = 1

(2π)D/2|6i |1/2
e

(

− 1
2 (Ex− Eµi )

T6
−1
i (Ex− Eµi )

)

with mean vectorEµi and covariance matrix6i . The mixture
weights satisfy the constraint that

∑M
i=1 pi = 1. The complete

Gaussian mixture density is parameterised by the mean vectors,
covariance matrices and mixture weights from all component
densities. These parameters are collectively representedas the
3-tuple:

λ = {pi , Eµi , 6i } i = 1, 2, . . . , M

Gaussian mixtures consisting of 64 component densities are
used in the simulations (M = 64). The GMM model for each
speaker is trained (i.e., the parameters ofλs are estimated) using
the EM (expectation-maximisation) algorithm [11].

Suppose there areK speakers to be identified. Thenλk,
k = 1, 2, . . . , K is the model corresponding to thekth enrolled
speaker. The goal of speaker identification is to find the one
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Figure 1: Four types of rectangular Haar wavelet-like features.
A feature is a scalar calculated by summing up the pixels in the
white region and subtracting those in the dark region.

among theseK models that best matches the test data repre-
sented by a sequence ofF frames,X = { Ex1, Ex2, . . . , ExF }. In
making the decision, we use the following frame-base weighted
likelihood distance measure,dk, which refers to the distance
from the test data to thekth speaker model:

dk = 1

F

F
∑

f =1

log p( Ex f |λk)

in which p( Ext |λk) is given in (1). The normalisation byF is
necessary as each token will, in general, have a different length
and, therefore, a different number of frames.

Suppose the task of a classifier is to assign an input
sequenceX to one ofK classesω1, ω2,. . . ,ωK . We can then
identify speakers according to the rule:

decideX ∈ ωs if s = arg max
i=1..K

di

4. Face Recognition
The recognition process can be divided into two steps: face
detectionlocalises the face in the image, and is followed by
identificationof the detected face. Benchmark detection and
identification algorithms are implemented in this paper.

4.1. Face Detection

Recently, Haar-like features and the AdaBoost method for face
detection have been received much attention, because so far
they are the most successful ones in terms of accuracy and
speed. The features used in this method are Haar basis functions
as used by [12]. The method uses three kinds of features.
The value of atwo-rectangle featureis the difference between
the sum of the pixels within two rectangular regions. The
regions have the same size and shape and are horizontally or
vertically adjacent. Athree-rectangle featurecomputes the
sum within two outside rectangles subtracted from the sum in
a centre rectangle. Finally afour-rectangle featurecomputes
the difference between diagonal pairs of rectangles (as shown
in Figure 1). These features are located in a subregion of a
subwindow and vary in location and size inside the subwindow.

Viola [6] has proposed the AdaBoost algorithm to select
from these features which are suitable for face detection.
A strong classifier is constructed based on the selected fea-
tures. In this paper, the AdaBoost face detection algorithm
is taken from the Intel Open Source Computer Vision Li-
brary (OpenCV), which was developed by the Intel Corpora-
tion [13]. The classifier consists of 20 stages, and for each stage,
10–15 features are selected. Figure 2 shows the first five Haar-
like features in the first stage, which can be regarded as the most

(a) Face Image

(b) The First Five Haar-like Features

Figure 2: One face image and the first five Haar-like features
overlapped on it. We can see that these five features have very
direct meanings for face detection. The first feature measures
the difference in intensity between the region of the eyes and
a region across the upper cheeks. This feature capitalises on
the observation that the eye region is often darker than the
cheeks. The second feature measures the difference in intensity
between the region of the right pupil and the region of the right
cheek. Similar analysis could be applied on the third, fourth and
fifth features.

powerful features chosen by the algorithm to discriminate face
and non-face images. It can be seen that these five features have
very direct meanings for face detection.

Simulations indicate that the AdaBoost face detection al-
gorithm can achieve around 98% detection rate on images of
the XM2VTS database. However, because video files consist
of many frames, it can not be guaranteed that the detection
system will succeed for every frame. A face tracking algorithm
based on dynamic programming (DP) is implemented to solve
the problem of detecting faces in video files. The face tracking
method is very similar to [14]. First, an energy function is
defined for face image candidates in each frame. Then DP is
used to obtain the optimal path which minimises the energy
function. This face tracking algorithm is applied to all thevideo
files and 100% detection rate is achieved based on the criteria
that (1) the detected face contains the elbows, eyes, and mouth,
and (2) no false detection occurs.

4.2. Face Identification

The face identification system is constructed by using the
principal component analysis (PCA) method. PCA [15] is
a dimensionality-reduction technique based on extractingthe
desired number of principal components of high-dimensional
data. Implementing PCA for face analysis and representation
starts from the ground-breaking work of [16]. Their paper was
followed by [7], the first application of PCA to face recognition.

Suppose a face imageI (x, y) is a two-dimensional
N × N array of intensity values, or a vector of dimen-
sion N2. For example, a 128× 128 image describes a vector
of dimension 16384. Let the training set of face images
be Ŵ1, Ŵ2, . . . , ŴM . The average face of the set is defined by
the size-N2 vector:

9 = 1

M

M
∑

i=1

Ŵi

so that each face differs from the average by the vector
8i = Ŵi − 9. The eigenvectors are obtained by solving the



eigenvalue problem:

3 = UT CU

where3 is a diagonal matrix, with eigenvalues on the main
diagonal; U is an orthogonal matrix, which means that
U−1 = UT , or UT U = I ; andC is the covariance matrix of
the data:

C =
M
∑

i=1

8i 8
T
i = AAT

where the matrixA = [81 82 . . . 8M ], is a N2 by M matrix.
The matrixC, however, isN2 by N2, and determining theN2

eigenvectors and eigenvalues is an intractable task for typical
image sizes. Fortunately, it is possible to solve this problem
by first solving a much smallerM by M matrix problem,
and taking linear combinations of the resulting vectors ([17,
Section 6.7]). Because the obtained eigenvectors have the same
dimension as the face image, they are also called ‘eigenfaces’.

Once the eigenfaces are created, identification becomes a
pattern recognition task. TheM ′ significant eigenfaces of the
matrix AAT are chosen as those with the largest associated
eigenvalues. The eigenfaces span anM ′-dimensional subspace
of the originalN2 image space. A test face imageŴ is trans-
formed into its eigenface components by a simple operation,
pk = uT

k (Ŵ−9), for k = 1, 2, . . . , M ′ (uk is thekth significant

eigenvectors ofAAT ). This describes a set of point-by-point
image multiplications and summations. These weights form a
vectorPT = [ p1, p2, . . . , pM ′ ] that describes the contribution
of each eigenface in representing the input face image.

SupposeP1, P2, . . . , PM are weight vectors which are
generated by theM training face imagesŴ1, Ŵ2, . . . , ŴM . For
a testing video file which containsN face images, we assume
these face images are31,32, . . . ,3N , and their corresponding
weighting vectors areQ1, Q2, . . . , QN . To identify a face, we
find that face image in the training set that is most similar tothe
test image according to:

find u, v = arg max
i=1..M
j =1..N

(
∣

∣Pi · Q j
∣

∣

‖Pi ‖ ‖Q j ‖

)

Then we classify the test video file as belonging to the class
which the training imageŴu belongs to.

5. Combining Audio and Visual Classifiers
After obtaining identification scores of the audio and visual
classifiers, the next step is to combine these with a view to
obtaining better identification results. Some well-known simple
fixed rules for combining the set of base classifiers, such as
product rule, sum rule, maximum rule, minimum rule and
median rule, are described in [2, 18]. However, fixed rules are
sub-optimal [18] and there exist rules which need a trainingset
to adjust some parameters so as to obtain better identification.
One well-known example is the weighted sum rule, which we
use here. Note that the method is previously published in [8,9].

Suppose each of the audio and video classifiers consists
of K discriminant functions,f 1(X), f 2(X),. . . ,f K (X). The
decision rule in terms of discriminant functions is:

decideX ∈ ωs if s = arg max
i=1..K

f i (X) (2)

Here, we denote byf 1
1 (X), f 2

1 (X), . . . , f K
1 (X) the scores

obtained from the video classifier (face identification), and by
f 1
2 (X), f 2

2 (X), . . . , f K
2 (X) the scores obtained from the audio

classifier (speaker identification). The weighted-sum ruleis
described as:

f k
comb(X, α) = α f k

1 (X)+(1−α) f k
2 (X), k = 1, 2, . . . , K (3)

The parameterα should be selected according to the relative
reliability of the M classifiers. One way to do this is to
optimiseα so as to maximise the identification rate on some
training data [19, 18], but this carries the danger of over-fitting,
so reducing the ability to generalise to unseen data. In this
section, we propose a new method for accurately choosing
the weighting parameter that directly minimises the estimated
correct identification rate. We simplify the notation for dis-
criminant functions by dropping argumentsX and α, except
when it is necessary to distinguish among different values
of these arguments.

The first step of our method is to normalise the scores of the
training data. We use so-calledz-score normalisation, which
is calculated using the arithmetic mean and standard deviation
of the given data. Refer to [20] for an overview of score
normalisation techniques in multimodal biometric systems.

The normalisation process can be divided into two steps.
In the first step, all scores of both audio and video classifiers
have their mean subtracted and the result is then divided
by their variance:

f k
m(Xi ) = f k

m(Xi ) − µm

σm
(4)

where µm =
∑I

i=1
∑K

k=1 f k
m(Xi )

I × K

and σm =
∑I

i=1
∑K

k=1

(

f k
m(Xi ) − µm

)2

I × K

Here, I is the number of training data points,K is the number
of classes, andm ∈ {1, 2}.

The second step of normalisation is to make the correct
score (i.e., that for the correct person) zero. This gives usa
known reference point from which to assess scores, and simpli-
fies the derivation of an appropriate mathematical model under
Gaussian assumptions—see below. If we set the weighting
parameterα to a constant value, we can obtain the combined

scores f 1
comb, f 2

comb, . . . , f K
comb by equations (3) and (4). The

second step of the normalisation process is:

if X ∈ wi thenFk
comb = f k

comb− f i
comb, k = 1, 2, . . . , K (5)

Equation (5) is used to make the correct score zero. We
can see from the decision rule, equation (2), that these two
steps of normalisation do not change the identification result
because the new scores in (5) are obtained only by subtracting
and dividing the same number from the original scores, which
does not influence the rank of the scores.

After normalisation, the next step is to estimate the proba-
bility distribution of the scores. We assume that the valuesof
the score functions are independent. That is:



P
(

F1
comb, . . . , F i−1

comb, F i+1
comb, . . . , F K

comb|X ∈ wi

)

=
K
∏

k=1,k6=i

P
(

Fk
comb|X ∈ wi

)

The reason whyk 6= i is that, after the normalisation,
F i

comb always equals zero ifX ∈ wi . We denote the correct
identification rate (the probability of correct identification)
when X ∈ wi asCi (α). SinceF i

comb ≡ 0 when X ∈ wi after
the normalisation process, we can calculateCi (α) on the basis
of equation (2) as:

Ci (α) =
K
∏

k=1,k6=i

P
(

Fk
comb < 0|X ∈ wi

)

(6)

5.1. Probability Density Estimation

To calculate the probabilityP
(

Fk
comb < 0|X ∈ wi

)

for each

k = 1, 2, . . . , K , we first have to estimate the probability dis-

tribution P
(

Fk
comb|X ∈ wi

)

from the training data in the form

of a Gaussian mixture model. But a problem of sparse data
arises when we try to model the distribution this way. In
essence, it is hard to estimate the density of a multimodal data
distribution reliably.

Our approach to this problem is to break the available
training data up into ‘sections’, and to treat each of these as
a unimodal Gaussian, and then to combine them. Suppose
there areM training data available for deciding the weighting
parameterα. Among theseM files, there areM1 files belonging
to classω1, M2 files belonging to classω2, . . . , and finally
MK files belonging to classωK (M1 + M2 + . . . + MK = M).

We denote theMi training data belonging to classωi as
X1, X2, . . . , XMi . The Gaussian mixture is then:

P
(

Fk
comb|X ∈ wi

)

= 1

Mi

Mi
∑

j =1

1√
2π A

e

(

−
(Fk

comb−µkj )
2

2A2

)

(7)

whereA is a parameter controlling the variance(s).
The component means µkj are obtained as

µkj = Fk
comb(X j , α), j = 1, 2, . . . , Mi . From this, we

see that the means of the mixture components are the scores of
the training data. WhenA is large, the variance of each mixture
component is large; when it is small, the variance is small. In
the extreme case whenA becomes zero, the probability density
shrinks to a series of impulse functions.

5.2. Estimating Correct Identification Rate

Using the estimated probability density function (7), we now
calculate the probability thatFk

comb(X) is less than zero as:

P
(

Fk
comb < 0 | X ∈ wi

)

= 1

Mi

Mi
∑

j =1

1√
2π A

∫ 0

−∞
e



−
(

Fk
comb−µkj

)2

2A2





d
(

Fk
comb

)

Training Test Identification
Session Session Rate (%)
1,2,3 4 94.92
1,2,4 3 97.25
1,3,4 2 96.26
2,3,4 1 89.83

Table 1: Simulation results for speaker identification in video
files.

Training Test Identification
Session Session Rate (%)
1,2,3 4 62.71
1,2,4 3 63.23
1,3,4 2 67.35
2,3,4 1 71.19

Table 2: Simulation results for face identification in videofiles.

= 1

Mi

Mi
∑

j =1

8

(

−µkj

A

)

where8(x) is the integral of the Gaussian distribution:

8(x) =
∫ x

−∞
1√
2π

e

(

− x2
2

)

dx

From equation (6), we can finally obtainCi (α), which is
the correct identification rate for a specifiedα when X ∈ wi ,
as:

Ci (α) = 1

M K−1
i

K
∏

k=1,k6=i





Mi
∑

j =1

8

(

−µkj

A

)





The overall correct identification rate, denotedCprop(α), is
given as:

Cprop(α) =
K
∑

i=1

Ci (α)P(X ∈ wi )

where P(X ∈ wi ) can be estimated asMi
M with Mi equal to

the number of training data points that belong to classωi , and
M equal to the total number of training data points. Thus, we
have transformed the problem of choosing weighting parameter
α for combining two classifiers to a problem of maximising the
correct identification rateCprop(α):

decideα = αopt if α = arg max
α

Cprop(α)

6. Simulation Results
First, we divide the video files into training and testing files.
A cross validation test is used on these video files. The audio
and visual classifiers are trained by video files from three
sessions, and then tested on data from the remaining session.
The process iterates for these four sessions. The audio and
visual identification results are summarised in Tables 1 and2,
respectively.

We use the combination method proposed in Section 5
to combine the scores of audio and visual classifiers. To
obtain the optimal weighting parameterα, we use the scores
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(a) A = 0.001
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(b) A = 0.01
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(c) A = 0.1

Figure 3: Estimated correct identification rateCprop(α) using
the proposed method asα varies from 0 to 1 using data from
sessions 1 and 2: (a)A = 0.001; (b)A = 0.01: (c) A = 0.1.
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Figure 4: Empirical correct identification rate using the training
data in sessions 1 and 2, withα varying from 0 to 1.

in sessions 1 and 2 for training, and scores in sessions 3 and 4
for testing. We can obtain the estimated identification curves by
using the method discussed in Section 5. Figure 3 shows the
estimated identification rate whenA equals 0.001, 0.01 and 0.1.
The corresponding optimalα values are 0.80, 0.78 and 0.79,
respectively.

We can, of course, also plot theempirical identification rate
curve Ce(α) as α increases from 0 to 1 by first determining
the individual scores of the audio and visual classifiers, then
calculating the combination scores using equation (3), and
finally using these for identification. This is shown in Figure 4.
In the empirical identification curve, the identification rate takes
its maximum (97.45%) whenα equals 0.80.

We obtain three candidates forαopt, which are 0.78, 0.79
and 0.80. We need to see which candidate performs best
on the testing data. Figure 5 shows the curve of empirical
identification rate of sessions 3 and 4. Table 3 indicates the
different identification rates of sessions 3 and 4 whenα equals
0.78, 0.79 and 0.80.

These three candidates forα achieve similar identification
rate, withα = 0.78 slightly better than the other two. Consid-
ering this candidate was generated by the proposed method of
estimating correct identification rate whenA = 0.01, we can
say that this method may be slightly better than the empirical
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Figure 5: Empirical correct identification rate using the test data
from sessions 3 and 4, withα varying from 0 to 1.

α Identification Rate (%)
0.78 97.95
0.79 97.78
0.80 97.78

Table 3: Identification rates of sessions 3 and 4 whenα equals
0.78, 0.79 and 0.80.

method. However, the optimalα for sessions 3 and 4 is 0.88,
where the identification rate achieves its maximum of 98.29%.
Both the proposed method and the empirical method fail to
find the optimalα for the testing files. We have discussed
elsewhere [9] that the proposed method is better than the
empirical method in average performance, but not in all cases.

7. Comparison with Related Publications
Another paper by Fox et al. [21], published in 2003, also
discusses the audio-visual person identification problem using
the XM2VTS database. They built a text-dependentspeaker
identification classifier based on hidden Markov models. For
face identification, they used a commercial software package
FaceIt. Both classifiers are tested on 291 subjects of the
XM2VTS database, contrasting to 295 subjects in our simula-
tions. They use sessions 1, 2 and 3 for training, and session 4
for testing. Their speaker identification system achieves 98.01%
identification rate, which is some 3 percentage points higher
than our 94.92% (first line of Table 1) but higher rates are only
to be expected for the easier text-dependent task. Because they
used commercial face recognition software contrasting to our
preliminary algorithms, their face identification rate is 93.23%,
which is much higher than our 62.71% result. By combination
of these two classifiers, they achieved 100% identification rate.

Fox et al. built another classifier for lip motion, and com-
bined it with the audio and visual classifiers. They also devised
a fusion method to combine scores of different classifiers when
the audio signal was contaminated with noise. They tested the
three-classifier system in different signal-to-noise ratio (SNR),
and obtained good results even when immense noise is added
to the audio signal. For example, by using the three classifiers,
they can achieve 96.81% identification rate when SNR equals 0.

8. Conclusions
In this paper, we have built an audio-visual person identification
system, and tested it on the whole XM2VTS database. A high
identification rate of almost 98% is achieved on 295 subjects,
which indicates the potentiality of combining biometrics for
person identification.

A new method is proposed to estimate the optimal weight-



ing parameter for combining scores of the audio and visual
classifiers. This method is tested on the database and obtained
slightly better results than the empirical method.

Our future work lies in two parts. First, more research
needs to be carried out to improve the performance of the face
identification system. Second, visual features, especially the lip
movement information, need to be combined with the audio and
visual classifiers.
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